The quantitative forecasting of hyperspectral system performance is an important capability at every stage of system development including system requirement definition, system design, and sensor operation. In support of this, Lincoln Laboratory has been developing an analytical modeling tool to predict end-to-end spectroradiometric remote sensing system performance. Recently, the model has been extended to more accurately depict complex natural scenes by including multiple classes in the target pixel through the use of a linear mixing model. Additionally, a linear unmixing algorithm has been implemented to predict retrieved fractional abundances and their associated errors due to both natural variability and corrupting noise sources. This paper describes the details of this multiple target class model enhancement. Comparisons are presented between the model predictions and measured spectral radiances, as well as unmixing results obtained from data collected by NASA's EO-1 Hyperion space-based hyperspectral sensor. Additionally, results of an analysis using the enhanced model are presented to show the sensitivity of end member fractional abundance estimates to system parameters using linear unmixing techniques.
I. INTRODUCTION
The quantitative forecasting of hyperspectral system performance is an important capability. Lincoln Laboratory has been developing an analytical modeling tool to predict end-to-end spectroradiometric remote sensing system performance. This model, known as FASSP (Forecasting and Analysis of Spectroradiometric System Performance), spans the spectral range of hyperspectral imagers from 0.4 to 14 µm and was initially developed for the context of sub-pixel object detection. Recently, the model has been extended to more accurately depict complex natural scenes by including multiple classes in the target pixel. This paper describes this enhancement and presents example unmixing analyses.
II. MODEL DESCRIPTION
The FASSP analytical spectral imaging system model considers the end-to-end remote sensing system including the scene, the sensor, and the processing algorithms. It assumes the surface classes of interest can be modeled by their spectral reflectance mean vector and covariance matrix, as well as their temperature mean and variance in the thermal infrared. These first-and second-order surface statistics are propagated through the remote sensing system by linear transformations accounting for effects of the atmosphere, the sensor, and feature extraction/processing algorithms to predict system performance. The measures of performance in the context of sub-pixel object detection are curves of the probability of detection vs. probability of false alarm. The part of the model covering the reflective solar spectral region is described in [1] .
The model extension to the M class target pixel uses the scalar class abundances a m , 0≤a m ≤1, Σa m =1, m=1...M, to weight the mean reflectance vectors ρ m and covariances matrices Σ m as shown in (1) and (2) for the multiple class target.
These reflectance statistics are then converted to at-sensor spectral radiance L statistics for the target pixel as in (3) and (4) . Note, the scalar fraction f T is used to model the Mclass target object as sub-pixel in background B. The subscript S refers to surface reflected radiance, while the subscript P refers to atmospheric path scattered radiance.
After propagation through the sensor model, atmospheric compensation, and band selection, the model produces estimated reflectance mean vector ˆ ρ T and covariance matrix ˆ Σ ρT . We then use the original reflectance mean input vectors (with the same band selection as applied to ˆ ρ T and ˆ Σ ρT ) as endmembers in the unmixing process. (5) where S is the matrix of the original endmembers (selected bands) as shown in (6).
The variances of the abundance estimates are calculated using the same unmixing operator, but applied to the estimated covariance. The variances are the diagonal elements of ˆ Σ A calculated as shown in (7).
III. COMPARISON TO SPACEBORNE DATA It is desirable to validate the predictions of any model by comparison to observations made in the real world. In the case of remote sensing systems, it is often difficult to obtain enough information about the state of the scene, the atmosphere, and the sensor to make a true validation of the model. The following presents one reasonable comparison. Figure 1 shows imagery collected by two instruments aboard NASA's EO-1 satellite over an agricultural region in Australia. On the left is a panchromatic image (10 m GSD) collected by the Advanced Land Imager [3] , and on the right is an image of the same area as collected by the Hyperion hyperspectral imager (30 m GSD) [4] . Regions of interest were selected as shown on the Hyperion image to include a Lush vegetative field, a Bare field, and a set of 17 mixed pixels straddling the boundary between the two. As can be seen in the panchromatic image, this boundary is fairly sharp and offers an opportunity for a two-class unmixing analysis.
The calibrated Hyperion image was atmospherically compensated using the ATREM code [5] and reflectance statistics generated for the selected regions. These were used along with other appropriate input parameters to generate model spectral radiance. Figure 2 shows a comparison between this model radiance and the data for the means of the two fields, with a good match observed.
Next, the unconstrained least squares unmixing algorithm was applied to the 17 mixed pixels identified in Figure 1 , using means of the two fields as endmembers. 115 spectral channels corresponding to atmospheric window regions were used in the analysis. Figure 3 shows the retrieved abundance from the Hyperion data for these mixed pixels. Since it is obvious from the trend, a linear fit was calculated and is overplotted.
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IV. PARAMETER SENSITIVITY ANALYSIS
As an example of the use of the model, the sensitivity of retrieved abundances to atmospheric visibility was studied. Results are shown in Figure 4 . Visibility is seen to only affect the variability in the retrieved abundance, not the mean, and only in very hazy conditions (visibility < 8 km).
V. SUMMARY AND FUTURE WORK
An extension to an existing hyperspectral system model to model multiple classes in a target pixel along with a linear unmixing algorithm has been described. Comparisons were made to results obtained from spaceborne data that show a good match to the model predictions. An example sensitivity analysis of the retrieved abundances to a system parameter was presented.
To date, the analyses of the model are limited to the use of the unconstrained least squares unmixing algorithm. More sophisticated algorithms have been developed which are known to provide more robust estimates. Future work will address model implementation of these algorithms, as well as seek out additional data for continued model validation.
